A lung opacities classification in thin-section computed tomography(CT) images is expected for designing a computer aided diagnosis(CAD) system. In classifying lung opacities, the effectiveness of slice features has been shown. In this paper, in order further to improve the lung opacities classification performance, we have presented a local slice feature based method.
Introduction
A computer aided diagnosis(CAD) system has been developed [1] [2] . The lung opacities classification in thinsection computed tomography(CT) images is fundamental to development of the CAD system [3] . The thin-section CT images were obtained from 70 patients with a variety of diffuse lung diseases. In these images, we selected 500 regions of interest(ROIs) with 4 classes of typical diffuse lung opacities(reticular, nodular, ground-glass, and consolidation) and one normal class. Fig. 1 is ROI images with 5 classes. In the experiments, we used a 15 × 15 ROI size. The use of a shape feature is expected. In the previous study [4] , a slice feature based method has been proposed. The effectiveness of a slice feature approach is shown for classifying diffuse lung opacities. The gradation of the thin-section CT image is 4,096. The average values with five classes of lung opacities concentrate in the range under 1,000 CT values. In this range, there may be rich features to be classified. Therefore, we have considered making a local window in this range. It is known that in order clearly to examine findings of the thin-section CT images, a window level and a window width are adjusted in display devices. In this method, a window level and a window width are changed not for displaying the thin-section CT images but for effectively classifying the lung opacities. In this paper, in order further to improve the lung opacities classification performance, we have proposed a local slice feature based method. Experimental results show that the proposed method leads to improvement of the lung opaci- 
A Proposed Method
We further explored the conventional method [4] . We describe a local slice feature vector approach. There may exist rich features to be classified in the range under 1,000 CT values. Therefore, we consider making a window to catch the rich features. Fig. 2 is difference between the conventional and proposed methods. A conventional method covers all range of CT values in general. On the other hand, a proposed method covers the only selected range of CT values. The range is decided by setting a window. The window is defined by a window level and a window width as shown in fig. 2 (b) . Moreover, we can select the number of features in the window. In fig. 2 (b), the slice size or dimensionality is 2. For simplicity, the slice width is equally divided. All the slice widths are the same.
The local slice feature vector is obtained as below. Assume that the gradations of the gray image is L, i.e., 
T is obtained as follows:
Step1 Set the number of features, n.
Step2 Set the window level W L and window width W W .
Step3 Repeat d = 1, 2, · · · , n, steps 4 and 5.
Step4 Threshold all over the image from f ij to g ij :
,where f ij is a gray image on the pixel (i, j), and g ij is a binary one.
Step5 Calculate an element x d , a ratio of white pixels in the binary image.
Note that when the window level and window width are L/2 and L, the proposed method is equal with the conventional one.
We show examples of a Lenna image by using a proposed method. The image size is 256 × 256 and the gradations is 256. From the binary images, the local slice feature vector is computed. Fig. 3 is an eight dimensional slice feature vector. Fig. 3 (a) 
Experiments
We adopted the error rate to effectively measure the lung opacities classification performance. The average error rate and the 95% confidence interval were estimated [5] :
Step1 Divide 500 available samples into 250 training and 250 test samples at random.
Step2
Compute the error rate by using the local meanbased classifier.
Step3 Repeat Steps 1 and 2, 100 times independently.
Step4 Calculate the average error rate and the 95% confidence interval.
Here, we used the local mean-based classifier [6] with r = 5. Firstly, we show the performance of a proposed method. The error rate depends on the window level, the window width, and the number of bins or dimensionality. We changed a window level and a window width into 300-700 and 400-1,800, respectively. The dimensionality was examined among {2 m |m = 2, 3, · · · , 8}. Table 1 shows the influence of the dimensionality of a proposed method on the error rate. The average error rates show the smallest values at each of the dimensionality. In the most right column, the optimal window level and window width are also shown. When the dimensionality is 8, the average error rate gives a minimum value, 4.01%. From the results, we recommend that the dimensionality of the proposed method is 8. In the following experiments, we adopted the dimensionality was 8.
Secondly, we show difference between the conventional and proposed methods. Table 2 shows the comparison of the conventional and proposed methods on the error rate. The average error rate of the conventional method gives 11.48%. On the other hand, the error rate of the proposed method is 4.01%. The proposed method dramatically outperforms the conventional one.
Thirdly, we also examine the influence of a window level and a window width of the proposed method. Table 4 shows the influence of a window level and a window width of the proposed method on the error rate. From the results, the narrow window width seems to perform poorly. As we expected, the range under 1,000 CT values may have rich features. Finally, we examine the causes of the error rates. Table 3 is a confusion matrix of each for lung opacities to be misclassified on the error rate. Table 3 (a) is a result of the conventional method. Table 3 (b) shows a result of the proposed method when a window level and a window width are 700 and 1,600. From the results, by the proposed method, the error rates of the reticular, nodular, ground-glass, and normal classes improve 3.62, 1.64, 2.13, and 0.14(%), respectively. Above all, the effectiveness of reticular-class classification is large. On the other hand, the classification of the consolidation opacities seems to perform slightly poorly.
Conclusion
In order to further improve the lung opacities classification performance, we have presented a local slice feature based method. From the experimental results, the proposed method is shown to be effective for lung opacities classification. In the proposed method, step5 is a simple approach. Thus, the better approach may be developed. 
